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Abstract

Artificial neuralnetwork for selectionof photoncandidatesin theCentralandEndcalorime-
ter region is describedin this note. We test the network on the dataandMonte Carlo�������

events.Thebuilt neuralnetwork is appliedto calculatethedirectphotonpuri-
ties for someselectedcutson theneuralnetwork outputvalue. In conclusionwe show
locationof thebuilt network andreferto thecodethatdemonstratethenetwork applica-
tion.



1 Introduction.

When discriminatingbetweenphotonsand backgroundparticles(��� as well as the neutraldecay
channelsof 	 and 
 �� mesons)we facea typical (for high energy physics)patternrecognitionprob-
lem. The standardprocedurefor solving sucha problemis the introductionof relevant cuts in the
multi-dimensionaldata. Nowadaysthe applicationof a software-implementedartificial neuralnet-
work (ANN) for patternrecognitionis well known andusuallygivesthe resultsthataresuperiorto
conventionalapproaches[3] – [7].

Thereis a wide spectrumof photonselectioncriteria that have beenextensively studiedby Photon
ID groupfor the currentp17 release.They aredescribedin detail in this DØ note[1]. Oneof the
purposesof this note is optimizationof their applicationby building ANN that, on the one hand,
would allow oneto specifya criterion for increasingthe photonpurity and,on the otherhand,to
determineaphotonfraction(purity) in theselectedsample.

For thisaimwearegoingto keepideologyof paper[2] andsplit thesetof all availablevariablesinto
two subsets:the first subsetto be appliedfor thephotonpreselectionandthe secondonefor ANN
training.

2 General description of ANN.

ANNs areoftenusedto optimizea classification(or patternrecognition)procedureandwasapplied
to many patternrecognitionproblemsin high energy physicswith a notablesuccess.They usually
have moreinput thanoutputnodesandthusmaybeviewedasperformingdimensionalityreduction
of input dataset.

The ANN approachis a techniquewhich assignsobjectsto variousclasses.Theseobjectscanbe
differentdatatypes,suchasa signalanda backgroundin our case. Eachdatatype is assignedto
a classwhich in the context of the given paperis 0 (zero)for the background(QCD events)and1
(unity) for thesignal(directphotons).Discriminationis achievedby lookingat theclassto which the
databelongs.The techniquefully exploits thecorrelationamongdifferentvariablesandprovidesa
discriminatingboundarybetweenthesignalandthebackground.

ANNs have anability to learn,rememberandcreaterelationshipsamongstthedata.Therearemany
differenttypesof ANN but thefeedforwardtypesaremostpopularin thehigh energy physics.Feed
forward implies that informationcanonly flow in onedirectionandthe outputdirectly determines
theprobability thataneventcharacterizedby someinput patternvector �������������������� ����� is from the
signalclass.

2.1 Mathematical model of the neural network.

The mathematicalmodelof the NeuralNetwork (NN) reflectsthreebasicfunctionsof a biological
neuron:
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� sumup all the informationarriving at inputs of
thenode/neuron;

� if sumis greaterthansomethreshold,fire neuron;

� after firing, return to the initial stateandsenda
signal to eachof the neighboringneuronsin the
network.

Theneuronwith thesecharacteristicsis known asanel-
ementaryperceptron.The perceptronis a simple feed
forward systemwith several input connectionsand a
singleoutputconnection.
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Fig. 1. Neuralnetwork with onelayer

of hiddenunits.

Mathematicallytheoutputcanbewritten as

! ��"�#������������� �$���&%('�
)
* +-, + � +�.0/ �1� (1)

Here' is anon-lineartransferfunctionandtypically takesthefollowing form (sigmoidfunction)

'2%
)

) . �43 �65 � (2)

����7������������� ����� is theinputpatternvector,
!

is theoutput,, + and
/

areindependentparameterscalled
weights(which connectthe input nodesto theoutputnode)anda thresholdof theoutputnode.Pa-
rameter89% );: * is calledinversetemperatureanddefinestheslopeof ' .
The patternvector � + is multiplied by the connectionweights , + so that eachpieceof information
appearsat the perceptronas , + � + . Thenthe perceptronsumsall the incoming informationto give
, + � + andappliesthetransferfunction ' to give theoutput(see(1)).

In a feedforwardNN a setof neuronshasa layeredstructure.Figure2.1shows thefeedforwardthe
NN with onehiddenlayerthatis usedhere.In thiscasetheoutputof NN is

! ��"�������<������� �$���&%('�
)
* ,"= >?'�

)
* >?, = > � > .-/ =@� .0/ �1� (3)

where, = > is theweightconnectingtheinputnodeA to thehiddennodeB and,C= ’sconnectthehidden
nodesto theoutputnode.

/ = and
/

arethethresholdsof thehiddenandtheoutputnoderespectively.

2.2 Learning of the perceptron.

Thebehavior of aperceptronis determinedby independentparametersknown asweightsandthresh-
olds. The total numberof independentparametersin a neuralnetwork with a single layer is given
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by:

D + �FE %G D + � . DIH ����J DIK � . DIK@L . DIH L (4)

where
D + � is a numberof input nodes,

DMH � is a numberof outputnodes,
DIK � is a numberof nodes

in a hiddensinglelayer,
DMK�L

is a numberof thresholdsin a hiddensinglelayer,
DIH L

is a numberof
outputthresholds.

Learningis the processof adjustingthese
D + �FE parameters.During learningevery perceptronis

shown examplesof what it mustlearnto interpret.It is fulfilled on thetrainingsetconsistingof two
parts:trainingdata(a collectionof input patternsto theperceptron)anda trainingtarget,which is a
desiredoutputof eachpattern.

Mathematically, thegoalof training is to minimizea measureof theerror. Themeansquarederror
function N averagedover thetrainingsampleis definedby equation(5)

NO%
)
P DMQ

R"S
Q�T �

R
+ T � 

!VU Q�W+YX[Z U Q�W+ � � � (5)

where
! +

is theoutputof the \ th nodeof theNN in equation(3);
Z +

is thetrainingtarget(in ourcase,0
for thebackgroundand1 for thesignal);

DIQ
is thenumberof patterns(events)in thetrainingsample;D

is thenumberof network outputs(
D % ) for our case).

Thereareseveral algorithmsfor error minimizationandweight updating. Most popularareBack
propagation, Langevin andManhattan methods.In the lastonetheweight is updatedduring the
learningby thefollowing rule � W :

, L^] �_%(, L .-` , (6)` ,-% X 	aJ�bc'�dIe f�N : f�,�g (7)

where, is thevectorof weightsandthresholdsusedin thenetwork;
Z  Z . ) � refersto theprevious

(current)trainingcycleand	 is thelearningratewhich is decreasedin thelearningprocess.

3 MC and data samples.

In orderto train theneuralnetwork we have useddirectphotonsassignalandelectromagnetic(EM)
jets asbackgroundevents(alsocalledas just em-jets). The photoncandidatesin signalandback-
groundsamplesaretakenfrom thephoton+jetandtheQCDeventspreselected(in orderto havehigh
final statistics)at theparticlelevel [2], bothgeneratedin p17.09version.

In our study we have also usedreal data,selectedfrom “1EMloose” skim provided by Common
Samplegroup.Thedataeventswereselectedto satisfyasetof dataquality criteria: just runswithout

hji
see[4] for amorecompletedescription
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calorimeterandCFTproblemswereconsidered,many earlyruns(up to 152649)areexcluded.There
shouldbe fired at leastone of the following EM triggers: EM 3 HI 3 SH, EM 3 HI, EM 3 MX 3 SH,
EM 3 MX, EM 3 HI 3 2EM53 SH,E13 SHT20,E23 SHT20,E33 SHT20,E13 SH30,E13 L50,
E13 SHT22,E23 SHT22,E33 SHT22,E13 SH35,E13 SHT25.

Beforetrainingneuralnetwork, we have preselectedsignalandbackgroundeventsby the following
criteria. Photoncandidateswereformedfrom electromagneticclustersof calorimetercellswithin a
coneof radius k %  ` 	l� � .  `nm � � %po;� P with simpleconealgorithm. To rejecteventswith
energy measurementsbiasedby calorimetermoduleboundariesand structures,photoncandidates
are requiredto be in 	 and

m
fiducial regions. Candidateswere selectedif therewas significant

energy fractionin theEM calorimeterlayers(EMfracqro;��s;t ), andtheprobabilityto have a spatially
matchedtrackwaslessthan o;� );u , andthey satisfiedtheisolationrequirementvwbFxzyO1N L H L�{c| 1o;� }~� X
N�����1o;� P �1� : N�����1o;� P �a��o;��o;� , where N L H L�{7| 1o;� }~� is the total energy in a conewith k�%�o;� } and
N ��� 1o;� P � is the EM energy within k %�o;� P . In CC region we have also limited from the top
the energy weightedcluster ����\ -width in the finely-segmentedEM3 layer by �l\^'��<���;\�� ) }���� � ,
while in EC we have usedparametrization�$\^'��<����\I� P ���#};	 � X ) t;���~� 	&� . P;� ��o aswell as �l\^'������� ��s;t#	 � X �;o;��t~� 	&� . }~o;��� . For theCCregionwehavealsousedvariablesbasedonthecentralpreshower
detector(CPS):energy (E) weightedwidthsof CPScluster N����?���Go;��o;o;� [1].

In addition,wehaverequiredtheeventvertex to bewithin 50cmof thenominalcenterof thedetector
along � -axisandshouldhave at least3 associatedtracks.We rejecteventshaving too largemissing
N�� by thecut N��

+ ���� : ��� [�Go;��t � . Justeventshaving at leastonehadronicjet areselected.

Thefollowing four variableswereusedfor ANN training: scalarsumof transversemomentaof the
tracksthat arewithin o;��o � �¡k¢��o;� } (HC043 PT), the numberof EM1 cells with energy greater
than �;o;o MeV thatbelongto theEM cluster, fractionof EM clusterenergy depositedat EM1 layer
(againcalculatedfor cellswith N£q¡�;o;o MeV), thescalarsumof the transversemomentaof tracks
within o;��o � �¤k¥�?o;� } . We have alsoconsideredpossibilityof building network with a larger track
isolationconeof o;��o � �¦k���o;��� (HC073 PT). The photonpurity derived with sucha network is
about10%betterthanwith hollow cone o;��o � �§k¨�Go;� } (Fig.16)while selectioneffciency dropsby
just 2%.

To verify theMC/dataagreementwith respectto thesevariableswe have testedthemon the
�©�ª�4�

events.Thenormalizeddistributionsof thosevariablesfor electronsfrom the
�O�����

eventsin MC
anddataareshown in Figs.2 and3. Electronsfrom

� � decayarerequiredto bewithin � 	 E6« L ��� ) ��o
(CC) or

) � � �¬� 	 E6« L ��� P � � (EC),within Z invariantmasswindow � � + �4 X ��®I���r� GeV, andwithP;� �§� « [�G¯;o GeV.

Normalizeddistributions of the numberof signal and backgroundeventsover samevariablesare
shown in Figs.4 and5 for CC andEC regions,respectively.

Insteadof directapplicationof cutson thesethreeadditionalvariablesthey wereusedto build ANN
thatcanaccumulateapower of all thevariablesandcriteriaon them.ANN is thencanbeappliedfor
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 in 0.2<R<0.4, GeVtotal track pT
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Figure2: Normalizeddistributionsof thenumberof eventsover threevariablesfor
�¤�´���

electrons
from in MC (redfull line) anddata(bluedottedline) eventsin CC region ( � 	 E6« L �F� ) ��o ).
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 in 0.2<R<0.4, GeVtotal track pT
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Figure3: Normalizeddistributionsof thenumberof eventsover threevariablesfor
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electrons
from in MC (redfull line) anddata(bluedottedline) eventsin EC region (
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Figure5: Normalizeddistributionsof thenumberof eventsover threevariablesfor signal(redfilled
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anadditionalselectioncriterionandcalculationof photonpurity.

4 ANN training and testing.

Therea lot of softwarepackagesthatreflectANN ideologyandhave beenappliedfor many physical
applications.Wehavechosenamongthemfor building ANN theJETNETpackage[8] of version3.5
with ROOT interface[8].

The Manhattanalgorithm [9] for weight updatingwasusedat the training stage. The network is
trainedto produce1 (unity) in caseof signal (direct photonfrom “ ¾ E

+À¿
+ jet” events)and0 (zero)

in casebackgroundevents. We have taken just onehiddenlayer with five units. Thus,ANN with
architecture3-5-1 is usedhere. To ensureconvergenceandstability, the total numberof training
patterns(events)must be significantly ( q P o X �;o times) larger than the numberof independent
parametersgiven in (4). For the ANN training in CC andEC regionswe have usedabout20 000
(30 000)MC signalandabout7 000(9 000)backgroundeventsfrom the interval of }~o��G� �  �¡t;o
GeVin CC (EC) regions,i.e. morethan100patternsperaweight.

TheANN outputfor signalandbackgroundeventsfor photoncandidateswin }~oÁ�r���  �Ât;o GeV
in CC is shown in Fig. 6 and in Fig. 7 with photoncandidatein EC. The network output for the
datapreselectedby the samemain selectioncuts (section3) are also shown on this figure (black
histogram).

To verify the MC/dataagreement,the built network was testedon the
�Ã� ���

MC/dataevents.
As is seenfrom Fig. 8, the network shows very good agreementon the MC/dataelectrons. For
example,the differencein the electronselectionefficienciesin CC region after cutson NN output!_Ä�Ä qOo;��� turnedout to be91.7%for MC and90.5%for data.Thedifferenceof 1.2%canbetaken
asa systematicuncertaintyfor this

!_Ä�Ä
cut. The outputfor ANN built for EC region is shown in

Fig. 9. Theelectronselectionefficienciesfor cut
!�Ä�Ä q�o;��� are93.8%and93.1%,in MC anddata

eventsrespectively.

Figs.11 and10 show dependenceof electronselectionefficiency on electron�   for thecut
!_Ä�Ä q

o;��� for CC andEC regions.Theefficienciesarecalculatedw.r.t. mainpreselectioncriteriaof section
3.

At Figures12 and13 we presenttheselectionefficiency w.r.t. cut
!_Ä�Ä qÅo;��� asa functionof � �  for

a photoncandidatein CC andEC regions.Thethreecurvescorrespondto directphoton,em-jetand
photoncandidatesfrom data.Theefficienciesarecalculatedaftereventsselectionby setof maincuts
from section3.

5 Application: estimation of direct photon purity.

As anexampleof applicationof thebuilt ANNs, let usapplythemto obtainadirectphotonpurity in
theselectedsamples.Thephotonpurity (Æ ), definedastheratioof signalto signalplusbackground,
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canbe determinedstatisticallyfor each� �  bin. We cando it using “templatemethod”by fitting
sumof MC signalandbackgroundeventsto data.Thefitting canbeperformedusingTFractionFitter
programfrom ROOT packagebasedon HMCMLL [10] routinefrom HBOOK. Distributionsof the
numberof eventsasa functionof

!_Ä�Ä
(with

!_Ä�Ä q�o;��� ) areshown for dataandMC in Fig. 14 for
six ���  intervals. TheMC signalandbackgroundeventsin this figurewereweightedby thefractions
of signalandbackgroundeventsresultedfrom thefit. Thedataarewell describedby thesumof MC
signalandbackgroundsamples,with à � : d&áãâåä ) for all ���  intervals.

For thoseexamplesthe photonpuritiesaregiven at Fig. 15 by the middle line. Fig. 15 shows also
dependenceof directphotonpurity (foundby fitting with thetemplatemethod)vs. � �  for othertwo!_Ä�Ä

cuts.

In Fig. 16we comparethedirectphotonpurity asfunctionof ���  for trackisolationinsidetwo cones:
�©%©o;� } and �©%Go;��� (caseof

!_Ä�Ä qÅo;��� is considered).

6 Conclusion.

In this paperwe have considereda way of optimizationof PhotonID criteria [1] by building the
artificial neuralnetwork for photonsin CC andEC regions. Note, it is very importantthat thecon-
structedANNs work on the top of strongpreselectioncriteria, describedin section3. Thus, the
signal/backgrounddiscriminationwhich can be achieved with ANN is additionalto that obtained
with themainpreselectioncriteria.

We hopethat thebuilt network canbeappliedfor many physicalapplications,for example,suchas
selectionanddeterminationpurity in ¾ . jet, ¾ . heavy flavor jet or ¾~¾ events.

More informationandexamplesof building, testingandapplicationof ANN canbe also found at
www-pagehttp://www-d0.fnal.gov/ bandurin/MyHome/ann.html.

TheconstructedANNs andexamplesof its usagecanbefoundat thispage:
http://www-d0.fnal.gov/ bandurin/ANN 3 Note/.
Herefile NNout 3 CC 3 hc04.C containsANN built usingtotal �   of tracksinsidecone�©%Go;� } , EM
cluster�   fractionatEM1 layerandthenumberof EM clustercellsatEM1 layer(seesection3), file
NNout 3 CC 3 hc07.C containsanalogousANN built for cone ��%�o;��� , while NNout 3 EC 3 hc04.C
andNNout 3 EC 3 hc07.C describeANN donefor ECregion. File ANN 3 example.C showsexample
of the codethat usesone of thoseANNs and writes obtainedANN output in an external file for
following analysis.
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Figure14: Distribution of thenumberof eventsin data( � ) asa functionof theNN output(
!_Ä�Ä

) for
six � �  intervals in CC region. Thecontributionsfrom MC background( ò ), signal(ó ) andsummed
MC signalandbackground(ô ) arealsoshown. TheMC pointswereweightedaccordingto thefitted
purity (theerrorsshown arestatistical).
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Figure15: Directphotonpurity asa functionof øúùû in CC, foundfor three ü_ý�ý cuts.
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Figure16: Directphotonpurity asa functionof ø�ùû in CC, foundfor two trackisolationcones(ANN
cut ü_ý�ý(ÿ������ ) is used.
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